Application of statistical genetics approaches to variations in mRNA transcript abundances in segregating populations can be used to identify genes and pathways associated with common human diseases. The combination of this genetic information with gene expression and clinical trait data can also be used to identify subtypes of a disease and the genetic loci specific to each subtype. Here we highlight results from some of our recent work in this area and further explore the many possibilities that exist in employing a more comprehensive genetics and functional genomics approach to the functional annotation of genomes, and in applying such methods to the validation of targets for complex traits in the drug discovery process.
Introduction
The identification of genes and pathways associated with complex traits that underlie common human diseases is fundamental to drug-discovery programs. High-throughput gene-and protein-expression technologies, combined with the completion of sequencing of the human, mouse and other genomes, have revolutionized our ability to monitor biological systems in a more comprehensive way. In addition, it has made possible the direct identification of genes and associated pathways underlying common human diseases. With the sequencing of the human and other genomes comes the availability of high-density single-nucleotidepolymorphism (SNP) maps that span entire genomes. This has led to the rapid evolution of the field of pharmacogenetics to the more general field of pharmacogenomics. One of the long-term visions in the pharmacogenomics field is identifying genetic profiles that explain the individual variation in drug-treatment response, with the aim of designing pharmaceutical agents that are optimized for individual response and which minimize toxicity for a given genotype constellation associated with drug response [1] . Unfortunately, while pharmacogenomics has caught the imagination of many, it is an area that still has little to offer regarding specific examples or defined strategies in the pharmaceutical industry. Success in this area will largely depend on the ability to fully incorporate the multivariate nature of disease and drug response through the use of genetic, mRNA expression, clinical, epidemiological and, if possible, proteomic and related molecular phenotype data.
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Approaches that combine gene expression, genotype and clinical trait data to identify genes and pathways associated with clinical traits have historically been pursued in genespecific ways [2] [3] [4] [5] . An example of this is the treatment of mRNA transcript abundance as a quantitative trait to identify gene expression quantitative trait loci (eQTL) controlling the variation in mRNA expression through linkage analysis. Associations between transcript abundances and classic traits have been used to identify susceptibility loci for complex diseases such as diabetes and allergic asthma, by screening transcript abundances for thousands of genes using gene-expression microarrays [2] [3] [4] [5] . More recently, others have reported the use of protein-expression levels in mouse brain as a quantitative trait and have mapped QTL for a moderate number of proteins polymorphic in the European collaborative interspecific backcross [6] . Brem et al. [7] recently completed the first ever comprehensive dissection of transcriptional regulation in budding yeast, giving a comprehensive glimpse of a genome-wide survey of the genetics of gene expression. Schadt et al. [8] also recently applied statistical genetics approaches to variations in mRNA transcript abundances in segregating populations to uncover the strength of genetic signature in mouse, plant and human populations. Unlike classic quantitative traits, which often represent gross clinical measurements that may be far removed from the biological processes giving rise to them, the genetic linkages associated with transcript abundances afford a closer look at the biochemical processes at play at the cellular level. Since transcript abundances are themselves potentially related to clinical traits of interest, this allows for the elucidation of the genetics of complex traits at a more refined level.
Schadt et al. [8] demonstrated the potential clinical applications and other possibilities that exist in employing a more comprehensive genetics and functional genomics approach
Scheme 1 A new discovery paradigm
The new paradigm involves the combination of genetic, functional genomic and clinical data in mouse and human populations, and mapping between mouse and human genomes to identify genes and pathways underlying complex diseases of interest.
to the study of complex diseases. This included demonstrating the ability to refine the definition of a complex phenotype, identifying subtypes within a given complex phenotype that were heterogeneous with respect to underlying genetic causes, and uncovering pathways associated with the complex phenotype. Through such an approach, the potential exists to impact the more significant rate-limiting steps in the drug-discovery process: objectively classifying individuals according to disease subtypes and identifying the drivers of the pathways, the causal factors, underlying those disease subtypes. Here we demonstrate this potential with a more detailed discussion of the primary mouse example from Schadt et al. [8] In addition, we detail how results from this example can be utilized to significantly impact target discovery and target validation, as well as improve prioritization of targets for entry into the validation and lead development pipeline (see Scheme 1 for a pictorial representation). Finally, we will argue that in the past the human health and economic value derived from the use of pharmacogenomic information has been primarily restricted to the early steps of the drug-discovery process, involving target validation, or to the later steps of this process, where such information has served primarily to define non-responders with respect to a given experimental treatment. However, to realize the full economic and human health benefits from pharmacogenomic information, we need to define more precisely the currently undefined broad groups of patients that will have a high probability of response to a particular drug treatment.
Refining the definition of clinical traits using microarrays
Schadt et al. [8] describe an experiment in which livers from a population of female F 2 mice, constructed from a DBA/2J×C57BL/6 cross, were profiled using microarrays after the mice had been kept on a high-fat, atherogenic diet for 4 months. As described by Drake et al. [9] , these mice model the spectrum of disease in a natural population, with many mice developing atherosclerotic lesions, and others having significantly higher fat-pad masses (FPMs), higher cholesterol levels and higher bone densities than others in the same population. Associating patterns of expression with a clinical trait and dissecting those patterns by associating them with susceptibility loci represents a potentially powerful way of dissecting complex diseases. The example here focuses on an application to an obesity-related risk trait, subcutaneous FPM.
Sub-phenotyping based on mRNA expression in phenotypic extremes
For mice comprising the upper and lower 25th percentiles of the subcutaneous FPM trait, Schadt et al. [8] identified a set of 280 genes (the FPM gene set) that represented the most differentially expressed set of genes in the extreme FPM mice. This FPM set of genes can be considered the most transcriptionally active set of genes for the mice falling into the tails of the FPM trait distribution. The selection of genes in the FPM set was not biased by selecting genes based on (i) eQTL linkage information, (ii) their ability to discriminate between the FPM trait extremes or (iii) their correlation to genes identified by eQTL and/or trait-discrimination properties. This is noteworthy since clustering the extreme FPM mice over this gene set almost perfectly separated high FPM and low FPM mice. In addition, there appeared to be two distinct expression patterns for mice in the high FPM group, indicating some degree of heterogeneity among the high FPM mice.
Combining genetic linkage for expression and clinical phenotype
The patterns of expression resulting from clustering the extreme FPM animals over the FPM gene set serve to refine the definition of the FPM trait, as described by Schadt et al. [8] . In fact, the patterns of expression associated with different high FPM animals refine the definition of the FPM trait beyond what would be possible without the expression data. Heterogeneity of expression patterns associated with a clinical trait almost certainly points to heterogeneity in the clinical trait itself. Drake et al. [9] had previously performed a genome-wide scan to map QTL for the FPM trait. This scan revealed four clinical trait QTL (cQTL) with LOD scores greater than 2.0, and taken together these cQTL explained slightly less than 50% of the variation in the FPM trait values. To further elucidate this clinical trait, Schadt et al. [8] classified the F 2 animals into one of the three groups defined by the expression data: high FPM group 1, high FPM group 2 or low FPM group. The animals were then genetically analysed using QTL methods applied to the different high FPM groups, each combined with the low FPM group for the analysis. As an example of how genetic heterogeneity can be identified in such a setting, Schadt et al. [8] focused on the most significant FPM QTL, which fell on the distal end of chromosome 2. This QTL completely vanishes when considering one of the high FPM groups of mice, but then increases by almost two LOD units over the original LOD score when considering the other high FPM group of mice. In addition, another interesting locus was discovered on chromosome 19 that had been completely missed when all mice were considered simultaneously. In this instance, the high FPM group of mice that was not under the influence of the chromosome 2 QTL gave rise to a QTL with a significant LOD score, while the other high FPM group had a LOD score that was less significant than that obtained for the full set. Such results provide the first-ever evidence that gene expression patterns can be used to refine the definition of a clinical trait into subtypes that are under the control of different genetic loci. The implications for drug discovery are significant and speak directly to the difficulty in dissecting complex diseases. In the situation just described, developing a compound that targeted only the gene underlying the FPM chromosome 2 QTL would be likely to be ineffective for those in the high FPM group 1 (since they are not controlled by this locus), but would be quite effective for those in the high FPM group 2 (since they are controlled by this locus). Treating all obese individuals together in one group would result in a much less efficacious treatment than could otherwise be achieved by identifying those that would respond to the treatment. By defining the subpopulation of obese patients most likely to respond to a given drug treatment, the drug development and diagnostic components of the pharmaceutical industry will achieve greater productivity. Such productivity will naturally result from stratifying populations according to treatment groups at the earliest possible stages of drug development. This progressive strategy will more intimately link the two classically independent worlds of drug development and diagnostics. Similar arguments can be made for studying toxicity, since adverse response to a drug is also a complex trait that can be dissected in a fashion similar to that described above.
From mapping QTL for clinical traits to identification of causative genes
Identifying patterns of expression associated with a clinical trait, using the patterns of expression to identify subtypes of that clinical trait, and then identifying genetic loci that control for the different trait subtypes, does not in and of itself lead to the identification of genes underlying the QTL of interest. However, because genes underlying QTL controlling for a clinical trait may cause variation in the trait through polymorphic transcription due to DNA polymorphisms in the gene itself, it is possible to directly identify causative genes by the methods described by Schadt et al. [8] . Such direct identification of causal genes has been demonstrated in other studies. For instance, Karp et al. [2] identified a gene for airway hyper-responsiveness in a mouse model for allergic asthma by identifying genes that physically resided close to the major QTL controlling for that trait, and then identified the gene from this set by identifying that gene whose expression was most significantly associated with the clinical trait. Schadt et al. [8] have developed a more general approach to this problem by combining genetics and gene expression.
The Schadt et al. [8] approach involves the identification of eQTL that co-localize with cQTL and with the physical location of the gene whose transcription gives rise to the eQTL. In cases where the gene underlying a QTL for a clinical trait controls the variation of that trait through variation in transcription associated with DNA polymorphisms in the gene itself, the expression of that gene treated as a quantitative trait should give rise to an eQTL coincident with the cQTL. Depending on the degree of heritability of the clinical and expression traits, and the percentage of variation of the trait explained by the cQTL, we would not necessarily expect the clinical trait values and expression trait values to be significantly correlated, even if variation in transcription of the gene causes variation in the clinical trait (for example see [10] ). However, we would expect a significant genetic correlation between the clinical and gene expression traits in such cases, and so, by testing for interaction between the cQTL and gene eQTL, we can identify candidate genes underlying the cQTL for the clinical trait of interest. Schadt et al. [8] provide an example of this procedure that results in the identification of two candidate genes for the FPM trait. One of the key advantages in the application of this procedure is that the candidate genes are identified in a completely objective manner, by making full use of the genotype, expression and clinical trait data.
This approach serves to significantly reduce the number of genes that must be considered in identifying genes for complex traits. The QTL analysis alone reduces the number of genes to consider from all genes in the genome to those genes residing in QTL support intervals (so we go from considering tens of thousands to hundreds of genes). The gene expression/genetics combination further reduces the number of genes to consider by requiring those genes that physically reside in the QTL support interval to (i) be under the control of a cis-acting eQTL (so that the eQTL colocalizes with the cQTL) and (ii) have significant interaction between the eQTL and cQTL. Candidate genes identified in this way can be further validated as discussed below. While this approach is restricted to those cQTL that are associated with polymorphic transcription in the gene underlying the QTL, we expect that most complex traits under the control of many loci (say, under the control of greater than five loci) will have at least one QTL that is controlled by polymorphic transcription. Further, even in cases where the DNA polymorphism driving the cQTL leads to a functional change in the protein, we may still observe polymorphic transcription behaviour, as was the case for the susceptibility locus identified for allergic asthma [2] .
Use of mouse-human synteny to identify high-quality targets, refine linkage regions and identify genes for follow-up
The discussion thus far has focused on using mouse models for common human diseases to elucidate the complexity of those diseases. However, information on human populations for traits that are analogous to those under study in the mouse can be useful in refining regions associated with the clinical traits in mouse or human populations. The same techniques discussed above for mouse can be applied to human populations. Further, putative candidates identified in mouse can be mapped to human orthologues, and one can determine whether the region in humans containing the orthologue has been associated with the clinical trait in human studies. The completion of the sequencing of the human [11, 12] and mouse [13] genomes and the comparative maps that now exist between these two species provides for such crossspecies comparisons to be a standard part of complex trait analysis. This strategy was employed by Schadt et al. [8] to increase confidence in the mouse chromosome 2 QTL discussed above. The region supporting the chromosome 2 locus is homologous with human chromosome 20q12-q13.12, a region that has previously been linked to human obesity-related phenotypes. The human orthologues for the candidates identified in the mouse also reside in the human chromosome 20 region. While other genes such as melanocortin 3 receptor (MC3R) have been suggested as possible candidates for obesity at this locus, the data do not support MC3R as a candidate, and instead suggest two genes that have not been previously associated with obesity. Unlike MC3R, these two genes are not only significantly linked to the murine chromosome 2 locus, but also interact genetically with several of the FPM traits that are also linked to the chromosome 2 locus. Since the expression levels for MC3R are not linked to the chromosome 2 locus, and since there are no SNPs annotated in the exons or introns of this gene between the C57/BL6 and DBA/2J strains (as provided in the Celera RefSNP database), this provides evidence that MC3R may not be the gene underlying the chromosome 2 linkage in this particular system. Of course, it is possible that MC3R is only expressed in the brain and that polymorphic expression of MC3R in the brain leads to changes of expression in the liver. However, it is worth noting that since there are no DNA polymorphisms in MC3R that lead to codon changes or that are likely to lead to cis-acting alternative splicing polymorphisms, then if it is the causative gene, it would most likely be acting through transcriptional regulation. More comprehensive gene expression profiling of different brain parts or other relevant tissues in these mice would provide more definitive evidence in this case.
Validation of high-quality targets
The small number of putative targets identified in the manner discussed above still requires an additional validation step to identify the gene underlying the QTL. Traditional methods such as gene knock-out or knock-in mice or transgenic mice can be employed for such validation. However, more recently developed methods such as RNA interference (RNAi) through the use of small interfering RNA (siRNA) offer exciting alternatives that are worthy of further investigation.
No matter the method, the aim is to identify an expression signature associated with the clinical trait, identify the causative loci driving the expression pattern and then perturb the expression of the candidate causative genes to determine whether genes associated with the expression of the causative gene are changed in a like manner. Figure 1 provides a hypothetical example of this validation strategy. In this example, we take Y 1 , Y 2 , Y 3 and Y 4 to be genes that are part of an expression pattern associated with a complex trait of interest. The upper panel in Figure 1 plots the LOD score curves of the four genes for a particular chromosome, where the cluster of eQTL depicted here is coincident with a cQTL for the complex trait. By examining genes that physically reside in the QTL support interval, we can identify those genes that have cis-acting eQTL that are significantly genetically interacting with the other eQTL/cQTL. These genes represent the potential causative genes underlying the cQTL/eQTL. Gene X in Figure 1 highlights one such example. By knocking gene X out using in vivo siRNA methods, we can profile the siRNA-knockout animals and examine the genetic signatures of the original genes making up the eQTL cluster. The lower panel in Figure 1 highlights what we would expect if gene X were in fact driving the eQTL cluster shown in the upper panel. That is, the disappearance of the eQTL cluster would validate gene X's role as the causal factor underlying the expression pattern associated with the complex trait and would thus solidify its role as a key driver for the corresponding complex trait. If the complex trait were a disease like obesity, then validating a gene for the obesity trait directly would require the construction of, say, a knock-out animal for that gene, which is a lengthy process. However, by defining the complex trait in terms of expression patterns, we can perturb the candidate gene in more specialized ways and observe the effects on the expression pattern, which can happen in a much shorter time frame.
Finally, we note that even before a putative target is biologically validated in mice, association studies can be carried out in human populations to provide a source of validation in humans. Associating a gene in a human population with a clinical trait, where the gene in mouse (i) was physically colocalized with a cQTL for the corresponding clinical trait in a segregating mouse population, (ii) gave rise to a cisacting QTL with respect to its transcription and (iii) was significantly genetically interacting with the cQTL, is itself a very powerful validation of a gene's role in the complex trait of interest. The combined validation in mouse and human provides all that is necessary to move a target forward in a discovery programme. Even in cases where the causal gene is not itself druggable, druggable targets driven by the causal gene can be identified by examining those targets that have eQTL that co-localize and are interacting with eQTL for the causative gene. This speaks to the more general use of the combined genetics/gene expression approach to reconstruct genetic networks, as discussed by Schadt et al. [8] and Jansen and Nap [14] .
Discussion
For the last century genetics has been used to identify regions in the genome that 'cause' variation in a given trait. For the past decade gene expression has been used to identify those genes that are co-regulated over a range of conditions, presenting patterns of expression that help to elucidate those genes involved in complex traits. The two combined approaches have the power to refine the definition of complex phenotypes, identify subtypes within a given phenotype and uncover pathways associated with the phenotype in an unprecedented manner. The potential exists to impact the more significant rate-limiting steps in the drug-discovery process: objectively classifying individuals according to disease subtypes and identifying the key drivers of the pathways, i.e. the causal factors, underlying those disease subtypes. In the past, dissecting complex traits using genetics has met with limited success, and up to now, gene expression has served as an indirect marker for complex traits, causing many researchers to settle for functional uncertainty by restricting attention to the use of DNA markers in identifying the causal factors for complex traits. Here, we have discussed the combination of gene expression and genetics data and its potential to overcome these barriers. The addition of gene-expression data can be used to refine the disease phenotype, directly implicate pathways and genes comprising those pathways associated with the disease phenotype, and identify the key drivers of the pathways underlying the disease phenotype. Key pathway drivers can potentially be identified even in cases where these drivers are not expressed in the tissues profiled, since such key genes may be expressed in one tissue, yet drive patterns of expressions in different tissues. In such cases, transcript abundances of those genes comprising the expression patterns in the profiled tissues will be genetically linked to the physical location of the gene driving their expression. Further, while the causative genes themselves may not be druggable, the druggable genes controlled by causative genes will potentially have expression patterns that are genetically linked to the causative gene, so identification and prioritization of such genes are straightforward tasks, given the kinds of methods discussed above.
Success in elucidating complex human diseases will more and more come to depend on the ability to fully incorporate the multivariate nature of disease and drug response through the use of genetic, mRNA expression, clinical, epidemiological and, if possible, proteomic and related molecular phenotype data. It should be noted that the central dogma dictates such an approach. This type of all-encompassing approach, which we refer to as 'molecular profiling', will rely on technologies associated with SNPs and whole-genome monitoring of transcript and protein abundances in target tissues. Implementation of multiple new technologies will probably be necessary to incorporate proteomics and to facilitate the scaling-up of existing technologies to give them higher throughput. As discussed, the use of natural variation of gene expression, observed in segregating populations, can be used to determine the effect of changes in the expression of one gene on other genes and in piecing together cellular signalling pathways. In addition, work done in yeast [15] has shown that the definitive analysis of cellular signalling pathways will often require the ability to modify protein expression and then analyse the resultant expression changes. In addition to the genetic methods described here, new methods using technologies to modify genes in mammalian cells such as siRNA [4] will be critical in delineating the key roles suggested by genomic and proteomic approaches.
In addition to these technologies, robust analytical methods will be needed to integrate the many orthogonal components of data to more optimally identify gene sets and pathways that reflect the characteristic set of altered interactions within each disease subtype. Such methods and advanced experimental designs should be a priority of the scientific community. Similarly, in order for genomics approaches to prove worthwhile in the drug-discovery process, they will need to demonstrate that they can (i) increase the probability of success for identifying targets and associated compounds, (ii) minimize costs of clinical trials and (iii) provide patients with drugs that are highly effective for specific diseases that are today loosely, or even incorrectly, grouped according to gross clinical symptoms such as depression and obesity. To achieve these benefits, hospitals, academic centres, diagnostic companies, regulatory agencies, patient advocacy groups and therapeutics-based companies will need to establish working relationships that link these groups together throughout the drug-discovery process. Such relationships will ultimately maximize the synergies between these groups in ways untested during the 20th century.
